Generative modelling and adversarial learning by Wang, Chaoyue
Generative Modelling and
Adversarial Learning
Chaoyue Wang
Faculty of Engineering and Information Technology
University of Technology Sydney
A thesis submitted for the degree of
Doctor of Philosophy
2018

I dedicate this thesis to my loving families
Hongzhen Wang and Wenru Wang
Yanbin Wang and Xiangfa Wu
and Chenlu Li

Certificate of Original Authorship
I certify that the work in this thesis has not previously been submitted
for a degree nor has it been submitted as part of requirements for a
degree except as fully acknowledged within the text.
I also certify that the thesis has been written by me. Any help that I
have received in my research work and the preparation of the thesis
itself has been acknowledged. In addition, I certify that all informa-
tion sources and literature used are indicated in the thesis.
Chaoyue Wang

Acknowledgements
I would like to thank everyone who has helped me to finish my doctoral
studies.
First of all, I would like to express my sincere gratitude to my supervi-
sor Prof. Dacheng Tao for his continuous support of my Ph.D study.
Thanks for his consistent patience and motivation, for his encouraging
attitude and expert knowledage for my research. His strict academic
attitude and deligent work style have played a role model for me and
will continue to benefit me through my life. It is no exaggeration to
say without his help steering my research direction, I would not have
finished this thesis so smoothly and on time. Also I want to thanks
for his advice and help on my career development.
Besides my principal supervisor, I would like to thank Dr. Chang Xu
and Prof. Chaohui Wang. I want to thanks for them never bored
discussion with my seemingly endless simple questions from research
motivation, model development, algorithm implementation, and pa-
per drafting. With these specific and detailed technical discussion, I
have gained practical skills to effectively and efficiently develop and
implement my research problems.
I also wish to give special thanks to Ying Wu, Dongang Wang, Guo-
liang Kang, Dayong Tian, Yuxuan Du, Xinyuan Chen, Dalu Guo,
Huan Fu, Xiyu Yu, Jue Wang, Jiang Bian, Yali Du, Shan You, Jian-
feng Dong, Liu Liu, Baosheng Yu, Zhe Chen, Jiayan Qiu and Erkun
Yang. Without their helps, my life in Sydney would not be so easy.
I would like to give my gratitude to Changxing Ding, Maoying Qiao,
Shaoli Huang and Tongliang Liu for their helps on my research.
Last but not the least, my gratitude extends to my family who have
been patiently encouraging and waiting for the finish of this thesis.
Abstract
A main goal of statistics and machine learning is to represent and
manipulate high-dimensional probability distributions of real-world
data, such as natural images. Generative adversarial networks (GAN),
which are based on the adversarial learning paradigm, are one of the
main types of methods for deriving generative models from compli-
cated real-world data. GAN and its variants use a generator to syn-
thesise semantic data from standard signal distributions and train a
discriminator to distinguish real samples in the training dataset from
fake samples synthesised by the generator. As a confronter , the gener-
ator aims to deceive the discriminator by producing ever more realistic
samples. Through a two-player adversarial game played by the gen-
erator and discriminator, the generated distribution can approximate
the real-world distribution and generate samples from it.
This thesis aims to both improve the quality of generative modelling
and manipulate generated samples by specifying multiple scene prop-
erties. A novel framework for training GAN is proposed to stabilise
the training process and produce more realistic samples. Unlike ex-
isting GANs, which alternately train a generator and a discriminator
using a pre-defined adversarial objective function, different adversar-
ial training objectives are utilised as mutation operations and train a
population of generators to adapt to the environment (i.e. the discrim-
inator). The samples generated by different iterations of generators
are evaluated and only well-performing generators are preserved and
used for further training. In this way, the proposed framework over-
comes the limitations of an individual adversarial training objective
and always preserves the best offspring, contributing to the progress
and success of GANs.
Based on the GANs framework, this thesis devised a novel model,
called a perceptual adversarial network (PAN). The proposed PAN
consists of two feed-forward convolutional neural networks: a trans-
formation network and a discriminative network. Besides generative
adversarial loss, which is widely used in GANs, this thesis proposes
to employ perceptual adversarial loss, which undergoes adversarial
training between the transformation network and hidden layers of the
discriminative network. The hidden layers and output of the discrimi-
native network are upgraded to constantly and automatically discover
discrepancies between a transformed image and the corresponding
ground truth, and the image transformation network is trained to
minimise the discrepancy identified by the discriminative network.
Furthermore, to extend the generative models to perform more chal-
lenging re-rendering tasks, this thesis explores disentangled represen-
tations encoded in real-world samples and proposes a principled tag
disentangled generative adversarial network for re-rendering new sam-
ples of the object of interest from a single image by specifying multi-
ple scene properties. Specifically, from an input sample, a disentan-
gling network extracts disentangled and interpretable representations,
which are then used to generate new samples using the generative
network. In order to improve the quality of the disentangled repre-
sentations, a tag mapping net determines the consistency between the
image and its tags.
Finally, experiments with different challenging datasets and image
synthesis tasks demonstrate the good performance of the proposed
frameworks regarding the problem of interest.
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